In the context of large-scale renewable energy integrated into an electrical power system, the effects of power forecast errors on the power balance equation of the power system unit commitment model is considered. In this paper, the problem of solving the power balance equation with uncertain variables was studied. The unit commitment model with random variables in the power balance equation was solved by establishing a power system day-ahead optimisation unit commitment model based on chance-constrained dependent chance goal programming. First, to achieve the solution of the power balance equation with random variables, the equality constraint is loosened into an inequality constraint, and the power balance equation constraint is transformed into a dependent chance programming model aimed at maximising the probability of occurrence of random events in an uncertain environment. Then, the dependent chance programming model is proposed to ensure the economy and security of the scheme, and the goal programming model is introduced to facilitate an efficient solution. By combining dependent chance programming and goal programming, a power system day-ahead unit commitment model based on chance-constrained dependent chance goal programming is established. Finally, an example is discussed to demonstrate the effectiveness of the proposed model.
Introduction
The unit commitment (UC) problem is defined as an optimization problem which determines the operating schedule of a set of generating units at each time interval with varying loads and generations, considering a set of operational, technical, economic, and environmental constraints [1, 2] . With increasing concerns about climate change and fossil energy depletion, the power system has seen a fast expansion of renewable energy (RE) in recent years. Unlike conventional generating units, the power of RE, like wind and solar, cannot be predicted with perfect accuracy [3] [4] [5] , which increases variability and uncertainty when integrating into the power system. Reference [6] presented a review dealing with the impacts that significant penetration of RE has on the UC models. Due to the uncertainty of RE, the reserve decision is largely considered as a severe problem in UC. It is a challenge to economically optimize reserve capacity, because a small change of reserve capacity may initiate a new generator and thus significantly raise operational costs [7] [8] [9] . Besides the traditional power system spinning reserve, various kinds of reserve such as demand response (DR), battery energy storage, and electric vehicles (EV) have been widely used to provide reserve for wind power [8, [10] [11] [12] .
forecast error on the UC model power balance equation should be accurately researched to reduce the unbalance of electric power supply and demands caused by wind power uncertainty.
Based on this, this paper no longer ignores the forecast error in the power balance equation of the UC model, and proposes a power system day-ahead UC model based on chance-constrained dependent chance goal programming. In this model, in order to solve the power balance equation with uncertain variables, the equality constraint is loosened into an inequality constraint under uncertain sets, and then the dependent chance programming model is established to be put into the goal programming model with the highest priority for solution. Compared with existing work, the main contributions of the paper are as follows.
(1) Wind power and load forecast error is considered to describe an accurate power balance equation to reduce the impact of wind power and load uncertainty. In order to solve the equation containing uncertain variables, the author put forward a model based on the dependent chance programming. To the authors' knowledge, this is the first time someone has used dependent chance programming to deal the power balance equation in UC models. The novel model improves not only operation efficiency and wind power consumption, but also the level of power balance of the UC result after considering the forecast error. (2) Methodologically, we put forward the chance-constrained dependent chance goal programming and apply it to the day-ahead UC problem. According to the probability density function (PDF) of the forecast error, a reserve decision method is proposed based on chance-constrained programming (CCP) to efficiently utilize the reserve. In order to solve the multi-objective programming model rapidly, goal programming (GP) is introduced. Combined with the dependent chance programming used for solving the power balance equation containing uncertain variables, we propose chance-constrained dependent chance goal programming and apply it to the day-ahead UC problem, which introduces a novel method to deal with the uncertainties in the UC. (3) Mathematically, the stochastic problem is converted into a deterministic equivalent by mathematical derivation. Based on that, the model is transformed into a mixed integer quadratic programming (MIQP) problem, which provides an efficient solution.
The rest of the paper is organised as follows: the power balance equation in a day-ahead UC model of a power system is proposed in Section 2; Section 3 gives the power system day-ahead UC based on chance-constrained dependent chance goal programming; a model solution is presented in Section 4, and a case study is presented in Section 5; discussion is introduced in Section 6, and key conclusions are drawn in Section 7.
Power Balance Equation in a Day-Ahead UC Model of a Power System

Uncertain Variables in the Power Balance Equation
To maintain the safety and stability of the operating power system, it is necessary to maintain a balance between the power generation and the total load power in the system. For this reason, power balance constraints need to be met when formulating a day-ahead UC of a power system. The power generated by all generators is equal to the total system load and loss. Due to the UC scheme needing to be made before observing the uncertain power supply and the actual power of the load, it is necessary to use various forecasting techniques to predict the output of the uncertain power supply of load in advance. Not only do wind speed, wind direction, temperature, turbine type, turbine position, terrain roughness, air density, and wake effect [40, 41] combine to make it difficult to predict the output, but, at the same time, due to factors such as temperature, human social activities, and consumption behaviours [42] [43] [44] , there are inevitable errors in load forecasts. The forecast error of load and an Elia-Connected wind power generator in Belgium in 2016 are shown in Figure 1 . In Figure 1 , it can be seen that forecast errors are unavoidable for wind power and load day-ahead forecasting. In the power system UC model, the actual wind power output and load are usually represented by the sum of the determined forecast value and the uncertain forecast error. Until the actual wind power and load output are observed, forecast errors are always uncertain variables, and are denoted by ε w i.t and ε load t , respectively.
Treatment of the Power Balance Equation with Uncertain Variables
In order to ensure the frequency stability in the power system, the generated power and the consumed power need to be balanced at all times. Therefore, when formulating a UC plan, it is necessary to ensure that the power generated by all power supplies is equal to the sum of the power consumed by the load and the loss of the power grid [45] . The strict power balance equation considering forecast errors of wind power and load is [46] :
where P i.t is the power of the thermal unit i at time t; P w i.t is the predicted power of the wind farm i at time t; ε w i.t is the power forecast error of the wind farm i at time t; ∆P w i.t is the power curtailment of wind farm i at time t when making a UC scheme; P load t is the predicted power of system load at time t; ε load t represents the load forecast error at time t; ∆P load t is the possible lost load when making a UC scheme; and P loss t denotes the system network loss at time t. The existing power system day-ahead UC model, deterministic UC model, chance-constrained stochastic UC model, robust UC, and interval optimal UC model all directly ignore ε w i.t and ε load t in the power balance (Equation (1)) and convert it to Equation (2) . The scenario method involves balancing each of the possible scenarios of uncertain variables as in Equation (3) . Elsewhere [1] , it is proposed that the stochastic variables in the power balance equation are replaced by their expected values based on the consideration of the minimum amount of conventional unit adjustment caused by the forecast errors, as given by Equation (4).
where P i.s.t , ε w i.s.t , ∆P w i.s.t , ε load s.t , ∆P load s.t , and P loss s.t represent the thermal units generation power, wind power forecast error, wind power curtailment, load forecast error, load loss power, and system network loss in the error scenario s, respectively; E(ε w i.t ) and E(ε load t ) represent the expected wind power and load forecast error, respectively.
The strict power balance equation (Equation (1)) considers forecast errors and contains both stochastic and deterministic variables, so it cannot be directly solved to obtain a deterministic UC scheme. In addition, the power balance model represented by Equations (2) to (4) with only deterministic variables and constants can be directly put into the UC model to obtain a deterministic UC scheme. However, the treatment of Equation (2) is simple but inaccurate and it is acceptable when only uncertain variables of the load forecast errors are involved. With the increasing scale of renewable energy, the variation range and effects of uncertain variables that represent the forecast error of renewable energy will become larger. The treatment of Equation (4) is reasonable to some extent, especially in the case in which the forecast error mean is not zero, then it is beneficial to the adjustment of the unit output scheme, however, it cannot cope with the challenges brought about by the increase in the uncertainty of the error caused by the increasing scale of renewable energy output. The processing method of Equation (3) is only applicable to the stochastic UC model based on the scenario method, and the power supply and load are balanced separately in a few reserved scenarios. The core idea of the scenario method is to use a large number of deterministic scenarios to represent the possible values of uncertain variables. Various scenario reduction techniques that increase the speed of calculation inevitably lead to the loss of uncertain variable information.
To solve Equation (1), containing both stochastic and deterministic variables, a new processing method was proposed: first, Equation (1) will be loosened to an inequality constraint to construct a set under an uncertain environment, as shown by Equation (5):
where σ is a small, deterministic constant that represents the range of the feasible set under an uncertain environment. When σ = 0, Equation (5) degenerates to Equation (1) . Under the definition of Equation (5), the power balance (Equation (1)) is transformed into the probability of maximising the set in an uncertain environment, as per Equation (6):
The meaning of this equation can be illustrated by Figure 2 . The left-hand part of Figure 2 is a thermodynamic diagram of 10,000 actual power scenarios of wind power generation, corresponding to P w i.t + ε w i.t in Equation (5), while the right-hand part is the thermodynamic diagram of 10,000 actual power scenarios of load, corresponding to P load t + ε load t in Equation (5) . The optimisation process enshrined in Equation (6) aims to adjust the deterministic output of the thermal units so that the total power output including wind power is most likely to match the load power. Compared with the power balance equation (Equation (2)) that directly ignores uncertain variables, this method fully considers the distribution information of wind power and load forecast errors, and the probability of power balance or small error is significantly higher when wind and actual power load scenarios occur.
Taking the output of a conventional unit which meets Equation (5) as an event, the power balance problem is an issue that maximises random events (Equation (5)) under uncertain circumstances caused by forecast errors. This is dependent chance programming. It is a stochastic programming model proposed by Liu to solve the chance function of maximising random events [47] . The core concept thereof is to reach an optimal decision by maximising the chances of random events occurring under an uncertain environment.
Power System Day-Ahead UC based on Chance-Constrained Dependent Chance Goal Programming
Dependent Chance Programming
Dependent chance programming is a stochastic optimisation theory in which the chance function of an event is optimal under an uncertain environment. The dependent chance programming model with a single objective is as follows:
where x i is the decision variable; ξ is a random variable.
A stochastic dependent chance programming model can be expressed as the probability of occurrence of maximum stochastic events h(x i , ξ) ≤ 0 under an uncertain environment g j (x i , ξ) ≤ 0.
Chance-Constrained Dependent Chance Objective Programming
To cope with unpredictable conditions such as uncertainties of wind and photovoltaic generation of power, load forecast errors, and system faults a certain reserve capacity must be maintained during power system operations. This method could ensure the safe and stable operation of the power system and limit the risk of load loss to a manageable extent. The spinning reserve of system adopts a chance-constrained model to achieve a better balance between system security and economy. In addition, the goal of the UC model is to reduce the cost of power generation under the premise of ensuring security of power supply, and increasing the level of renewable energy utilisation at the same time. Therefore, the proposed model is a dependent chance multi-objective optimisation model with chance constraints. To solve the model, goal optimisation is introduced therein and a chance-constrained dependent chance goal programming model adopted thus:
where A j is a priority factor that represents the priority of each objective function; u ij and v ij represent the weight of the positive and negative deviations of target i corresponding to priority j, respectively; d − i and d + i represent negative and positive deviations of target i from its target value, respectively; α j denotes the level of confidence that the chance constraint j is established; l is the number of priorities; m is the number of target constraints within each priority.
Power System Day-Ahead UC Model based on Chance-Constrained Dependent Chance Goal Programming
The UC model ensures power balance with the highest priority and then reduces the cost of power generation and improves the level of renewable energy utilisation on the premise of ensuring the safety of the system. Taking wind power as representative of renewable energy generation, the specific objective functions are as follows:
where the objective function f 2 represents the total cost of the model, including the fuel cost, unit start-up and shut-down cost, and risk cost; the objective function f 3 is the electricity of wind power curtailment which represents the renewable energy consumption capacity; g 1 (P i.t ) is the fuel cost of the conventional units; g 2 (B i.t ) is the start-up and shut-down cost of the conventional units; g 3 (∆P w t ) is the risk cost; when the plan is unreasonable, it faces the risk of losing load under extreme conditions; Ng is the total number of conventional units; a i , b i , and c i are the coefficients of the quadratic model used for the fuel cost of the conventional units; P i.t is the power of conventional unit i at time t; B i.t is the on-state of conventional unit i at time t, which is a variable on [0, 1]; D i is the start-up and shut-down cost for unit i; and ∆T is the UC interval.
Considering the priority of the objective function, the actual objective function is as follows:
where α t is the maximum possible value of the objective function f 1 , which can directly take the value of 1; the objective function f 2 and f 3 take their respective minimum values, and the target value can be directly taken as 0.
The overall constraints are divided into two categories: deterministic constraints and chance constraints. The maximum and minimum output constraints of the generator units, the ramping-up constraints, the minimum start-up and shut-down time constraints, and the network constraints are deterministic. To increase the consumption capacity of renewable energy, the positive and negative reserve capacity of the system operation requires adoption of chance constraints. This can reduce the number of units that are specifically started and stopped to prevent the occurrence of low probability events and increase the economic efficiency of system operation.
• Conventional units output constraint P i.min ≤ P i.t ≤ P i.max (15) where P i.max and P i.min are the maximum and minimum power output of unit i, respectively
• Conventional units ramping constraint
where P i.up and P i.down are the maximum rate of up-time and down-time during the unit commitment interval of unit i, respectively.
• Unit minimum start-up and shut-down time constraints
where B i.t is the operating status of unit i at time t; T on.i.t−1 indicates the continuous operation time of unit i to t − 1; T on.i is the minimum operation time of the unit i to start-up once; T off.i.t−1 represents the continuous outage time of units i to t − 1 that have been out of service; and T off.i is the minimum outage time of unit i.
• Network security constraint
where P Line l.max is the maximum transmission power of line l. According to the literature [27] , the network transmission security constraints can be converted into the node injection power by the network transfer distribution factor:
where G l.i is the network transfer factor, which represents the sensitivity information of branch power and injection power of generation and load nodes.
• Unit reserve capacity constraint To achieve a better balance between system security and economy, the system reserve capacity adopts a chance constraint. The system reserve capacity constraints containing random variables of the wind power output and load forecast error are established with a certain confidence level. The confidence level reflects the trade-off developed by operators between operational risk and economy. During practical operation, the operator can select an appropriate confidence level according to system operational requirements, so that system security can be ensured while taking into account the economy and the maximum consumption of renewable energy.
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where P up.i.t and P down.i.t are the up-and down-adjustments of reserve capacity provided by unit i at time t, as calculated using Equations (22) and (23), respectively; T 10 is the response time of the spinning reserve, which is typically 10 min [48] ; β 1 , β 1 are given confidence levels to meet both the positive and negative requirements. Figure 3 shows a flow chart of the proposed chance-constrained dependent chance goal programming (CCDCGP) UC. The formulation consists of the following steps. 
Model Solution
Transformation of Chance-Constrained Constraint to Deterministic Form
Reference [49] indicates that, as for chance-constrained constraint, sampling can be used to transform chance-constrained constraints into a large number of mixed integer constraints. The random variables ε w i.t and ε load t are sampled Nsample times according to their respective distribution laws. The sath sampled values are denoted as ε sa w.i.t and ε sa load.t . Then, the chance-constrained constraints (21) and (22) can be equivalent to the following deterministic forms, as shown by formula (25):
where M is a sufficiently small negative number. Further, when the random variables and the optimal variables can be separated in the chance-constrained constraints, the samples of the random variables can be sorted according to the established probability level that affects the chance-constrained constraint. Thus, the mixed integer constraints transformed above are further simplified as follows:
where floor(*) is floor function; ceil(*) is ceil function; sort(*) is ascending order function.
Solving Process
The flowchart for solving the proposed UC model is presented in Figure 4 . 
Case Study
Case Description
A modified 10-machine, 39-bus system is considered in this simulation to verify the feasibility and validity of the proposed model. The unit parameter data can be obtained from published material [27] which is given in [50] , and the historical data of wind power and load forecast output are all scaled down by using Belgian grid data [51] . The wind power and load forecast values are shown in Figure 5 , and wind farm Group 1, with an installed capacity of 500 MW, is located at bus 9, while wind farm Group 2, with an installed capacity of 800 MW, is located at bus 19. The optimisation is implemented using Cplex 12.6.3 on a DELL desktop machine with an Intel core i7-4790, 3.60 GHz processor, and 8 GB of random access memory. 
Analysis of Results
Day-Ahead UC Scheme
Under the premise of confidence level β 1 = β 2 = 0.96, wind power curtailment of 1230.59 MW·h occurred due to the small capacity of most of the units and insufficient adjustment capacity. The total cost of the system is $254,487.53 and there is no load loss. The output of each generator is shown in Figure 6 , and the wind power curtailment and load loss power are shown in Figure 7 .
The figures show that, with the increase penetration rate of wind power, the uncertain power generated by wind power increases. To ensure safety of system operation, more units need to be kept on to provide spinning reserve capacity. It can be seen that, with the increase of renewable energy penetration rate, the system should increase the flexibility of operation to cope with the uncertainty of wind and photovoltaic power generation. 
Model Validity Analysis
To verify the validity of the proposed chance-constrained dependent chance goal programming model, the following four models are adopted respectively for comparative simulation:
• Model 1: conventional deterministic optimisation UC model. Power balance equation uses a conventional processing model that directly ignores forecast errors. To cope with the uncertainty of wind power, the spinning reserve requirement of the system is the sum of the load reserve capacity and 30% of the predicted wind power.
•
Model 2: stochastic optimisation UC model based on the scenario method. The processing approach of the power balance equation is to be balanced in each selected scenario. Adopting a Latin cube sampling strategy, dynamic scenario generation, and reduction techniques as described elsewhere [52] , 10,000 initial scenarios are generated, and the 50 preserved scenarios optimised for calculation thereafter. The computational performance is shown in Table 1 , and results of the simulation using the aforementioned four optimisation UC models are summarised in Table 2 . Table 1 shows the total cost of the simulation results of the proposed model is the smallest, and the amount of wind power curtailment is the least, while the solution time of Model 2, based on the scenario method, is significantly longer than that of other models. Without considering the adjustment of the intra-day UC scheme and automatic generation control (AGC) unit adjustment, possible wind power and load scenarios may be used to perform simulation operations according to the schedules formulated by each model. The power deviation between power supply and load can be used to test the effects of each power balance equation processing method. Under this power deviation, the frequency deviation under each scenario obtained by considering only inherent frequency modulation can reflect the ability of different models to respond to wind power and load uncertainty. Based on the probability distribution of wind power and load forecast errors, 10,000 possible scenarios of wind power and load are selected for simulation operation according to the schedules formulated by use of the four models. The statistical distribution of the power imbalance, under various models, and without considering the adjustment of the intra-day scheme and the adjustment of AGC units, is shown in Figure 8 . The thermodynamic diagram of frequency deviation is shown in Figure 9 , and the frequency deviation statistics are shown in Figure 10 .
In Figure 8 , the UC scheme of Model 1 and 3 simulates the coincidence of the probability density curves of power deviation during operation, and the distribution range is wide and the mean value is non-zero; the total power deviations of the UC schemes formulated by Models 2 and 4 are smaller than those using Models 1 and 3 during simulation, and the UC scheme formulated by Model 4 (i.e., that proposed in this paper) offers the best simulation performance. Due to the fact that the power balance equations of Models 1 and 3 directly ignore the influence of the forecast error, the power deviation of the UC scheme is a reflection of the power forecast error. Model 2, based on a scenario method, considers the error effects of 50 typical scenarios. Therefore, the errors in the selected 50 typical scenarios are modified when the UC scheme is formulated, and the overall effect is better than of Models 1 and 3 that do not consider the effects of forecast errors: however, due to the loss of forecast error information during the scenario reduction process, model 2 offers a poorer performance than dependent chance programming (Equation (6)) as proposed in this paper. The power deviation mean values of UC schemes formulated by Models 1 and 3 ( Figure 8 ) are positive during simulation runs. It can be shown that the output power of the thermal units of Models 1 and 3 is generally small without considering the forecast error when formulating the UC scheme, while the thermal units of Models 2 and 4, considering the actual output of wind power, need to generate more power to balance the deviation between the forecast output and the actual output of wind power. This leads to a higher total cost of the actual operation of the UC scheme formulated by Models 1 and 3, and the curtailment of wind power decreases in relative terms. To confirm the above assumptions, the mean value of the forecast error is added to the power balance equations of Models 1 and 3 (Equation (4)). The total cost of Model 1 is $273,745.80, and the wind power curtailment is 1869.76 MW·h; while the total cost of Model 3 is $275,787.48, and the wind power curtailment is 1816.04 MW·h. So far, the correctness of the above assumptions has been proved. From Figures 9 and 10 , the frequency deviations of the UC schemes formulated by Models 1 and 3 are quite different when facing the same power deviation, and the ability of Model 3 to cope with power uncertainty is better than that of Model 1.
Excluding the factor whereby the total output of the thermal units is unequal as caused by the forecast error mean value being non-zero (the total cost and the wind power curtailment of Model 1 are $273,745.80 and 1869.76 MW·h, respectively, while the total cost and the wind power curtailment of Model 3 are $275,787.48 and 1816.04 MW·h, respectively), the proposed UC scheme is economically dominant and suffers the smallest amount of wind power curtailment. It is no longer limited to the same power supply and load power forecast value in the power balance equation of the optimisation model, so the optimisation can be performed in a wider space. Therefore, the objective function of the obtained solution must not be worse than the original. The power balance equation (Equation (2)), which has the same power supply and load forecast value, only corresponds to a possible scenario where the forecast error is zero during the actual execution, but it reduces the search space by one dimension. From Figures 8-10 , the power balance equation proposed here is loosened to an inequality formula with small out-of-balance errors, and the adoption of the dependent chance programming model does not introduce the risk of power imbalance to the system. On the contrary, due to having considered that as many realistic possible output scenarios as possible can satisfy the loosened power balance equation, the obtained solution has unique advantages in dealing with wind power and load imbalance power. Figure 10 shows that the stochastic optimisation UC method offers advantages in dealing with the uncertainty of wind power output. Due to the power balance equation considering the uncertainty of forecast errors during the UC modelling process, the scenario method and the proposed method perform well. In most scenarios, the frequency deviation is within ±0.2 Hz. 
Sensitivity Analysis
From the modelling process, it can be seen that the proposed power balance processing method introduces a key variable σ, which represents the power imbalance in Equation (5). This variable directly affects the size of the feasible set in the constructed uncertain environment, thus affecting the formulation of the UC scheme. To determine the impact of the power imbalance σ on the UC scheme, the UC model is solved for different values of σ. The load loss under different power imbalances σ is zero, and the total cost and the amount of wind power curtailment are as shown in Figure 11 .
The figure shows that with the increase in power imbalance σ, the cost of the scheme and the amount of wind power curtailment increase, and the effect of σ on wind power curtailment is more significant than that of the cost. This is because, with the increase in σ, the span of the feasible set in the uncertain environment is increasing, and the probability of the establishment of Equation (5) is increasing. Since the objective function optimises objective function f 1 with the highest priority, the output arrangement of the thermal units at this time guarantees the power balance represented by Equation (6) with the highest probability. On this basis, the economy and renewable energy consumption ability are considered. Therefore, the cost and the amount of wind power curtailment will increase with σ; however, with the increase of the power imbalance σ, the size of the feasible set under the uncertain environment increases, so that more wind power and load error scenarios meet the requirements of Equation (5), which improves the ability of system to cope with uncertain power and the security of system operation. The power deviation and frequency deviation statistics under different σ-simulation operation scenarios are shown in Figures 12 and 13 . From the figure, as the value of σ increases, the power deviation and frequency deviation under the simulated operation scenario both decrease. This shows that, with the increase in σ, although the economy of system operation and the renewable energy consumption capacity are decreasing, the ability of the system to cope with uncertain power is increasing, and system operation is more secure. 
Discussion
The above mentioned tables and figures can be summed up as follows:
• Excluding the factor whereby the total output of the thermal units is unequal as caused by the forecast error mean value being non-zero, the proposed UC scheme is economically dominant and suffers the smallest amount of wind power curtailment.
• From the simulation results, the UC models formulated by the power balance equation that do not consider the impact of forecast errors completely have a larger deviation of power supply and load than the UC models that consider the impact of forecast errors in the power balance equation.
In the UC models that consider the impact of forecast errors in the power balance equation, the proposed UC model performs better than the stochastic UC model based on scenarios. This is because the stochastic UC model based scenarios make the UC scheme based on the error distribution information obtained from the reserved scenarios, while the UC model proposed in this paper directly makes the UC scheme by using the original error distribution information, and there is no error in the expression of the forecast error distribution information caused by the scenario reduction process.
•
Compared with the conventional method processing power balance equation in which the power supply predicted value is equal to load predicted value, the method proposed in this paper expands the search space of the optimization model. The obtained UC scheme can significantly improve not only operation efficiency and wind power consumption, but also the balance level of power supply and demand after considering the forecast error.
The model proposed in this paper for processing the power balance equation with uncertain variables does not bring a power imbalance risk to the system, though the equality constraint is loosened to an inequality constraint with small imbalance errors and then solved by dependent chance programming. In contrast, considering as many realistic possible output scenarios as possible can satisfy the loosened power balance equation, therefore, the obtained solution has unique advantages in dealing with the uncertainty of wind power and load.
• When using the dependent chance programming model proposed in this paper to deal with the power balance equation containing wind power and load forecast errors, a smaller power imbalance σ is not necessarily better. Since the proposed model optimizes the objective function 1 which represents the "power balance" with the highest priority, a larger σ within a certain range does not deteriorate the imbalance of power supply and demand when the UC scheme is actually operated. On the contrary, due to the increase of σ, the feasible set under the uncertain environment is expanded, so that more wind power and load error scenarios meet the "power balance" defined by Equation (5) , and the ability of the system to cope with uncertain power is improved. The negative effect is to increase the operation cost of the scheme and reduce the capacity of wind power consumption.
Conclusions
We considered the influence of forecast errors in the power balance equation of a power system UC model, and the problem of processing the power balance equation with uncertain variables was studied. A power system day-ahead optimisation UC model based on chance-constrained dependent chance programming was established to solve a power balance equation containing random variables. The following conclusions were obtained:
1.
The forecast errors of wind power and load in the power balance equation of the power system UC model will directly affect the formulation of the UC scheme. In particular, when the forecast error mean value is non-zero, the influence will be greater, and the effects will be greater with the increase in the scale of wind power generation. 2.
In power systems with large-scale, uncertain power supplies, the power balance equation in the UC model is loosened to an inequality constraint, and the chance-constrained dependent chance goal programming model proposed in this paper is used in the formulation of the solution. During practical operation of the obtained UC scheme, instead of getting larger, the power deviation will be smaller than that scheduled by the equation that only considers the predicted value.
Sensitivity analysis illustrates how the operation efficiency and wind power consumption can be represented through the power imbalance σ, and this has significant impact on the result. Directions for future work include investigating the influence of forecast error distributions on the power balance objective function 1 and the accurate description of wind power forecast error.
